Results show that there is significant difference (using the Wilcoxon Rank Sum Test at a=0.05) between the texture features of normal and abnormal ROIs of the endometrium. Abnormal ROIs had higher gray scale median, variance, entropy and contrast and lower gray scale median and homogeneity values when compared to the normal ROIs. The highest percentage of correct classifications score was 79% and was achieved for the SVM models trained with the SF and GLDS features for differentiating between normal and abnormal ROIs. Concluding, a CAD system based on texture analysis and SVM models can be used to classify normal and abnormal endometrium tissue. Further work is needed to validate the system in more cases and organs.
I. INTRODUCTION
Gynaecological cancer in the USA is the second cause of death among the female population. An estimated 41,200 new cases of endometrium cancer are expected to be diagnosed in 2006 [1] . From this group, an estimated 7,350 deaths are expected. In this study, hysteroscopy imaging is investigated for the assessment of endometrium tissue.
Hysteroscopy is considered to be the gold-standard technique for the diagnosis of intrauterine pathology [2] . The physician guides the telescope connected to a camera inside the uterus in order to investigate suspicious lesions of cancer [3] . Sometimes, areas of endometrial cancer can be missed or unnecessary endometrial biopsies can be performed. The objective of this study was to introduce a CAD system for differentiating between normal and abnormal ROIs from hysteroscopy images of the endometrium, for the early detection of gynaecological cancer. To the best of our knowledge, no similar study was carried out for hysteroscopic imaging of the endometrium.
In previous work, we proposed a standardized procedure based on color imaging correction and texture feature extraction and analysis for the assessment of gynaecological tissue [4] , [5] . We used the abdominal cavity of a chicken and calf uterus as experimental tissue, comparing texture feature variability under different viewing conditions. The results indicated that for small consecutive angles there is no significant difference in texture features analysis but there is significant difference when comparing panoramic vs. close up views. The use of a standardized protocol for capturing and analyzing endoscopic video will facilitate the wide spread use of quantitative analysis as well as the use of CAD systems in gynaecological endoscopy.
Texture processing is widely focused on the use of graylevel image information [6] , [7] , whereas color texture analysis is based on the combined information from both color and texture fields of the image. New studies, exploiting the combination of both color and texture information, have been presented by several researchers [8] , [9] . In laryngoscopic imaging [8] , suspect lesions were analyzed automatically using co-occurrence matrices with color differences between neighbouring pixels. In [9] a novel methodology for the extraction of color image features in colonoscopic video processing for the detection of colorectal polyps was developed. They utilized the covariances of the second-order statistical measures calculated over the wavelet frame transformation of different color bands.
We break the rest of this paper into four sections. In sections II, III and IV we present the methodology, results and concluding remarks respectively.
II. METHODOLOGY

A. Video Recording
The CIRCON IP4.1 [10] medical camera was used. The analog output signal of the camera (PAL 475 horizontal lines) was digitized at 720x576 pixels using 24 bits color at 25 frames per second, and was then saved in the AVI format. The Digital Video Creator 120 frame grabber was used [ A total of 416 hysteroscopy images from the endometrium were recorded from 40 subjects. ROIs of 64x64 pixels were manually cropped and classified into two categories: (i) normal ROIs (N=208) and (ii) abnormal ROIs (N=208) based on the physician's subjective criteria and the histopathological examination (see Fig.1 ).
C. Standardized protocol
A summary of a standardized protocol for capturing and analyzing endoscopy/laparoscopy/hysteroscopy images is given below [4] , [5] :
1. Calibrate the camera following the guidelines by the manufacturer (i.e. white balance). This provides optimal-viewing calibration that will be environment dependent. 2. Capture the 23 color ROIs using the color palette and their corresponding digitally generated values based on the data given by the manufacturer. 3. Compute the γ coefficients for the red, green and blue components, A and k matrices. 4. Perform the endoscopy/laparoscopy/hysteroscopy examination, identifying the anatomy of the organ and capture video/images of tissue under investigation. 5. Manually segment the ROIs under investigation in this examination. 6. Gamma correct the ROI images and visually assess the gamma corrected ROIs. This provides environmentindependent calibration. 7. Color convert the ROIs from the RGB to the HSV and to the YCrCb systems. 8. Compute texture features (eg: the SF, SGLDM and GLDS feature sets) on the gamma corrected ROIs of step 7 each [see sections II, E] channel of the color systems. 9. Compare texture features from step 8 to texture feature values extracted from a collection of normal and abnormal cases to determine any significant differences. 10. Apply the computed texture features in a CAD system (as documented in this study) to assess the class of the tissue under investigation.
11. Carry out overall tissue assessment based on visual examination of images resulting from step 6 and the corresponding quantitative analysis of images from steps 7 and 8. 12. Repeat steps 3 to 9 as required.
When followed, it is hoped that the proposed protocol will allow us to provide meaningful analysis of endoscopy/laparoscopy/hysteroscopy videos captured by different physicians, different endoscopic equipment, different telescopes and different cameras.
D. Different color systems
The original RGB images were transformed to HSV and YCrCb systems (see [9] and [12] ).
E. Feature Extraction
The following texture features were extracted for each channel separately for the R, G, and B, H, S, and V, and Y, Cr and Cb for the: Statistical Features (SF): SF features describe the gray level histogram distribution without considering spatial independence. The following texture features were computed: 1) Mean, 2) Variance, 3) Median, 4) Mode, 5) Skewness, 6) Kurtosis, 7) Energy and 8) Entropy.
Spatial Gray Level Dependence Matrices (SGLDM):
The spatial gray level dependence matrices as proposed by Haralick et al. [13] are based on the estimation of the second-order joint conditional probability density functions that two pixels (k, l) and (m, n) with distance d in direction specified by the angle θ, have intensities of gray level i and gray level j. Based on the estimated probability density functions, the following four texture measures out of the 13 proposed by Haralick et al. were computed: 1) ASM, 2) Contrast, 3) Correlation, 4) Variance, 5) Homogeneity, 6) Sum Average, 7) Sun Variance, 8) Entropy, 9) Sum Entropy, 10) Dif. Variance, 11) Dif. Entropy, 12) Inf. Correlation1, and 13) Inf. Correlation2.
Gray level difference statistics (GLDS):
The GLDS algorithm [14] , [15] is based on the assumption that useful texture information can be extracted using first order statistics of an image. The algorithm is based on the estimation of the probability density p δ of image pixel pairs at a given distance δ=(Δ χ ,Δ υ ), having a certain absolute gray level difference value. Coarse texture images, result in low gray level difference values, whereas, fine texture images result interpixel gray level differences with great variances. The following features were computed: 1) Homogeneity, 2) Contrast, 2) Energy, 4) Entropy and 5) Mean.
F. Image Classification
The diagnostic performance of the texture features was evaluated with two different classifiers: the Probabilistic Neural Network (PNN), and the Support Vector Machine (SVM). These classifiers were trained to classify the texture features into two classes: i) normal ROIs or ii) abnormal ROIs. The PNN [16] classifier is basically a kind of Radial Basis Function (RBF) network. This classifier was investigated for several spread radii in order to identify the best for the current problem. The SVM network was investigated using the Gaussian Radial Basis Function (RBF) kernels; this was decided as the rest of the kernel functions could not achieve so good results. The SVM with RBF kernel was investigated using 10-fold cross validation in order to identify the best parameters such as spread of the RBF kernels [17] . The leave-one-out method was used for validating all the classification models. A total of 3X418 runs were carried out for training the classifiers, and the performance of the classifiers was evaluated on the remaining one subset. The runs were done in each of the three color systems. The performance of the classifier systems were measured using the parameters of the receiver operating characteristic (ROC) curves: true positives (TP), false positives (FP), false negatives (FN), true negatives (TN), sensitivity (SE), specificity (SP), and precision (PR). We also computed the percentage of correct classifications ratio (%CC) based on the correctly and incorrectly classified cases. Table I presents selected texture features and statistical analysis for the R, G, and B channels. There is a statistical difference in many texture features for normal vs abnormal ROIs. We also present the median and the spread of the data (Inter Quartile Range (IQR)) (difference between the 25th and 75th percentile) for all the texture features investigated. There was significant difference between normal and abnormal endometria for most of the features, with the exception of SF: median for the Red channel.
III. RESULTS
As shown in Table I , abnormal ROIs had higher variance, sum variance, entropy, and contrast values when compared to the normal ROIs, whereas abnormal ROIs had lower gray scale median, angular second moment and homogeneity when compared to the normal ROIs. These findings are valid for all channels. Table II presents the performance of the SVM and PNN classification models investigated for classifying normal vs. abnormal endometrium tissue. Models were developed using the SF, SGLDM and GLDS features sets for the RGB, HSV, and YCrCb color systems. It is clearly shown in Table II that the SVM classifier performed better than the PNN classifier. Although similar classification performance was obtained for the three color systems, the performance of the YCrCb system was slightly better, followed by the HSV and RGB systems. For the SVM classifier, the best performance was achieved with the SF+GLDS in YCrCb system with %CC=79%, followed by the SF+SGLDM+GLDS in the same system with %CC=77%. The combination of the different texture features for the YCrCb system slightly improved the %CC. On the other hand, this was not the case for the RGB system. Furthermore, the different features sets given in Table II were transformed using principal component analysis, where the PCA components captured 98% of the total variance. However, we did not find any improvements from the use of the PCA components.
IV. CONCLUDING REMARKS
In this study, a CAD system is proposed for the classification of hysteroscopy images of normal and abnormal endometrium tissue based on color texture analysis and statistical learning and neural network models. Results showed that the gamma corrected color images were visually better than the originals, as assessed by the gynaecologist. There was a significant difference in the SF, SGLDM, and GLDS feature sets investigated between the normal and abnormal ROIs. The highest percentage of correct classifications score was 79% and was achieved for the SVM classifier for the SF+GLDS feature sets in the YCrCb system. These results support the application of texture analysis for the assessment of normal and abnormal endometrium tissue. However, more cases have to be collected and analysed. Moreover, future work will also investigate multiscale color texture analysis. 
